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THREE-DIMENSIONAL MODEL SEARCH 
METHOD, COMPUTER PROGRAM, AND 
THREE-DIMENSIONAL MODEL SEARCH 

SYSTEM 

TECHNICAL FIELD 

[0001] The present invention relates to a three-dimensional 
model search method, a computer program, and a three-di 
mensional model search system. 

BACKGROUND ART 

[0002] Various methods have been knoWn as three-dimen 
sional model search methods. 

[0003] D2: D2 is a feature vector having the highest search 
accuracy in the study conducted by Osada et al. (N on-Patent 
Document 1). Random point groups are generated on planes 
of a three-dimensional model, and a histogram shoWing the 
frequency of the Euclidean distance betWeen arbitrary tWo 
points out of randomly generated points is used as the feature 
vector. The distance betWeen the feature vectors is a Manhat 
tan distance calculated by using the histogram as a one 
dimensional vector. 

[0004] Spherical Harmonics Descriptor (SHD): SHD is a 
method proposed by KaZhdan et al. (Non-Patent Document 
2). A spherical harmonics transform is performed on a vox 
eled three-dimensional model, and a loW-frequency part of 
the resultant poWer spectrum is used as a feature vector. The 
distance betWeen the feature vectors is a Euclidean distance 
calculated by using the obtained poWer spectrum as a one 
dimensional vector. 

[0005] Light Field Descriptor (LFD): LFD is a method 
proposed by Chen et al. (see Non-Patent Document 3). The 
vertices of a regular dodecahedron are used as vieWpoints, 
and silhouette images of the three-dimensional model are 
produced from a multiplicity of vieWpoints by rotating the 
regular dodecahedron. A Zernike moment and a Fourier spec 
trum of the generated silhouette images are calculated as a 
feature vector. The distance betWeen feature vectors is the 
smallest Ll distance in combination of each vertex of the 
dodecahedron. 

[0006] Hybrid Descriptor (DSR 472): DSR 472 is a feature 
vector having the highest search accuracy in the study con 
ducted by Vranic (see Non-Patent Document 4). This feature 
vector Was invented by Vranic, Which is a combination of a 
Depth Buffer feature vector, a silhouette feature vector, and a 
Ray feature vector that is obtained by orienting a vector from 
the center of gravity into any direction. The distance betWeen 
feature values is a Manhattan distance calculated by using the 
composite feature value as a one-dimensional vector. 

[0007] [Non-Patent Document 1] R. Osada, T. Funkhouser, 
B. ChaZelle, D. Dobkin, Shape Distributions, ACM, TOG, 21 
(4), pp. 807-832, 2002. 
[0008] [Non-Patent Document 2] M. KaZhdan, T. Funk 
houser, S. RusinkieWicZ, Rotation Invariant Spherical Har 
monic Representation of 3D shape Descriptors, Proc. Euro 
graphics, ACM SIGGRAPH Symp. On Geometry 
Processing, pp. 156-164, 2003. 
[0009] [Non-Patent Document 3] D. -Y. Chen, X. -P. Tian, 
Y. -T. Shen, M. Ouhyoung, On Visual Similarity Based 3D 
Model Retrieval, Computer Graphics Forum, 22 (3), pp. 223 
232, 2003. 
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[0010] [Non-Patent Document 4] D. Vranic, 3D Model 
Retrieval, Ph. D. thesis, University of Leipzig, 2004. 

DISCLOSURE OF THE INVENTION 

Problems to be Solved by the Invention 

[0011] The inventors had studied hard to obtain a novel 
search method having an advantage over the DSR 472 method 
that is currently said to have the highest search accuracy. As a 
result, the search accuracy higher than that of the DSR 472 
method Was able to be obtained at the embodiment level. The 
inventors completed the present invention by ?nding the fol 
loWing fact: in order to obtain such high search accuracy, a 
tWo-dimensional projected image for use in computation of a 
feature vector (excluding a contour feature vector) from a 
three-dimensional model needs to be corrected at the feature 
vector computation stage so that the gray scales of pixels are 
emphasiZed more as the distance from the center of projected 
the tWo-dimensional image increases. 
[0012] More speci?cally, the present invention is a three 
dimensional model search method for searching a knoWn 
three-dimensional model similar to a three-dimensional 
model as a query target Which has been subjected to pose 
normaliZation, comprising the steps of: correcting a projected 
tWo-dimensional image for use in computation of a feature 
vector (excluding a contour feature vector) from the three 
dimensional model so that gray scales of pixels are empha 
siZed as a distance from a center of the tWo-dimensional 

image increases; performing a Fourier transform of the inten 
sity-modi?ed tWo-dimensional image; computing a feature 
value from the result of the Fourier transform; and comparing 
the obtained feature vector With the feature vectors of the 
knoWn three-dimensional model. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0013] FIG. 1 is a block diagram shoWing a search system 
of an embodiment of the present invention. 
[0014] FIG. 2 is a diagram shoWing an example in Which 
mirror images in Points SVD are different. 
[0015] FIG. 3 is a diagram shoWing computation principles 
in normal SVD. 
[0016] FIG. 4 is a diagram shoWing an example of Depth 
Buffer images. 
[0017] FIG. 5 is a diagram shoWing an example of Depth 
Buffer images compensated by periphery enhanced image 
?ltering (PEI image). 
[0018] FIG. 6 shoWs images obtained by transforming the 
Depth Buffer images compensated by the peripheral 
enhanced image ?ltering to polar coordinates 
[0019] FIG. 7 is a diagram shoWing an example of silhou 
ette images. 
[0020] FIG. 8 is a diagram shoWing an example of contour 
images. 
[0021] FIG. 9 is a diagram shoWing an example of a voxel. 
[0022] FIG. 10 is a graph shoWing comparison of search 
performance betWeen the search method of the embodiment 
and search methods of conventional examples. 
[0023] FIG. 11 is a graph shoWing comparison of search 
performance betWeen the search method of the embodiment 
and the search methods of the conventional examples. 
[0024] FIG. 12 is a diagram illustrating a common spectral 
clustering method. 
[0025] FIG. 13 is a diagram illustrating a spectral clustering 
method of the embodiment. 
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[0026] FIG. 14 is a graph showing search accuracy 
obtained by spectral clustering. 
[0027] FIG. 15 is a graph showing comparison of search 
performance betWeen the search method of the embodiment 
and the search methods of the conventional examples When 
PSB Was used as a database. 

[0028] FIG. 16 is a graph shoWing comparison of search 
performance betWeen the search method of the embodiment 
and the search methods of the conventional examples When 
ESB Was used as a database. 

[0029] FIG. 17 is a graph shoWing comparison of search 
performance betWeen the search method of the embodiment 
and the search methods of the conventional examples When 
SHREC 2007 Was used as a database. 

DESCRIPTION OF THE REFERENCE 
NUMERALS 

[0030] 1: three-dimensional model search system; 10: stor 
age unit; 20: input/ output device; 3 0: pose normalization unit; 
40: feature value computing unit; and 50: feature vector com 
parison unit. 
[0031] According to the ?rst aspect of the invention thus 
de?ned, a tWo-dimensional image for use in computation of a 
feature vector (excluding a contour feature vector) of a three 
dimensional model is compensated so that gray scales of 
pixels are emphasized as a distance from a center of the 
tWo-dimensional image increases. A contour feature of the 
three-dimensional model is therefore emphasized in the com 
pensated two-dimensional image. As a result, the accuracy of 
the similarity search is improved. 
[0032] The three-dimensional search method includes: a 
pose normalization step of performing pose normalization of 
the three-dimensional model; a feature-vector-computation 
step of computing a feature vector of the three-dimensional 
model subjected to the pose normalization; and a comparing 
step of comparing the computed feature vector With a feature 
vector of the knoWn three-dimensional model. 
[0033] Note that the feature vector of the knoWn three 
dimensional model is also obtained by the same pose normal 
ization step and the same feature-vector-computation step as 
those performed on the three-dimensional model as a query 
target. 
[0034] In the ?rst aspect of the present invention, a knoWn 
tWo-dimensional image for use in computation of a feature 
vector of the three-dimensional model is compensated in the 
above feature-vector-computation step. 
[0035] Examples of the tWo-dimensional image for use in 
computation of the feature vector of the three-dimensional 
model include a Depth Buffer image or a silhouette image. 
[0036] A Depth Buffer image is a tWo-dimensional gray 
scale image obtained by shading from a light source to a 
three-dimensional model in parallel from a vieWpoint direc 
tion, and represents the distance (depth) to the surface of the 
three-dimensional model by varying gray scales. 
[0037] A silhouette image is a tWo-dimensional binary 
image representing the shadoW formed by applying light to a 
three-dimensional model. 
[0038] Although any method can be used as the method for 
modifying a tWo-dimensional image so that gray scales of 
pixels are emphasized as a distance from a center of the 
tWo-dimensional image increases, the folloWing method is 
used according to a second aspect of the present invention. 
Provided that r is a distance from the center of the tWo 
dimensional image, an intensity I'(x, y) of each tWo dimen 
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sional coordinate in the compensated tWo -dimensional image 
is represented by the folloWing expression: 

Where, (Kx, Ky) represents the centroid of the tWo-dimen 
sional image before intensity enhancement in an x- and y-axis 
direction, respectively, and I(x, y) denotes an intensity of each 
coordinate in the tWo-dimensional image before intensity 
enhancement. 

[0039] By performing such intensity enhancement, the 
gray scales of the pixels are getting brighter as the distance 
from the center of the tWo-dimensional image increases, 
While the pixel values are getting darker toWard the center of 
the tWo-dimensional image. 
[0040] The compensated tWo-dimensional image is then 
transformed from rectangular coordinates to polar coordi 
nates and a tWo-dimensional Fourier transform is applied to 
obtain a poWer spectrum. Only loW-frequency components 
are extracted from the poWer spectrum. This is because it is 
considered that high-frequency components representing a 
tiny shape difference can be ignored as noise in the case of 
similarity search. 
[0041] The loW-frequency components extracted from the 
poWer spectrum are further divided into M number of loW 
frequency components. This Way, a vector including ab solute 
values of the M loW-frequency components is generated and 
this vector is de?ned in this invention as a feature vector. 

[0042] In the case Where the search is performed by using 
multiple feature vectors, each feature vector is normalized 
and then Weighted, and the resultant feature vectors are com 
posited. Any Weighting method can be herein selected. In an 
embodiment described beloW, a Purity method is used as a 
Weighting method because there is a benchmark database 
grouped into prede?ned classes. 
[0043] The position, size, and orientation of three-dimen 
sional models are arbitrary depending on the decision of a 
producer. Even With similar shapes, the contents of three 
dimensional models tend to be signi?cantly dissimilar if the 
position, size, and orientation are slightly different. It is desir 
able in feature-vector computation that similar feature vec 
tors are obtained from three-dimensional models having 
similar shapes. A three-dimensional model is therefore sub 
jected to pose normalization before the feature vector is com 
puted. 
[0044] According to another aspect of the present inven 
tion, the present invention proposes to compute a feature 
vector of a three-dimensional model subjected to a plurality 
of pose normalization processes. 

[0045] As a novel pose normalization method, the present 
invention proposes tWo pose normalization methods. The ?rst 
pose normalization method is a method in Which and random 
points are generated on triangular surfaces forming a three 
dimensional model principal component analysis With the 
random points are performed, thereby a principal axis is 
obtained, and normalization process is completed. The sec 
ond pose normalization method is a method in Which a prin 
cipal axis is obtained by distributing normal vectors With each 
random point generated on a plane of a three-dimensional 
model and With tWo vertices of a triangle close to the random 
point, and normalization process is completed. 
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EMBODIMENTS 

[0046] Hereinafter, an embodiment of the present invention 
Will be described. 
[0047] FIG. 1 is a block diagram showing the structure of a 
search system 1 of the embodiment. 
[0048] The search system 1 of the embodiment is formed 
by a general-purpose computer device, and its functions are 
shoWn in a block diagram of FIG. 1. More speci?cally, the 
search system 1 of the embodiment is formed by a control 
device 3, a storage unit 10, an input/output unit 20, a pose 
normalization unit 3 0, a feature vector computing unit 40, and 
a feature vector comparing unit 50. 
[0049] The control device 3 reads a control program from a 
program storage section 11 of the storage unit 10 and controls 
each element according to the program. 
[0050] Three-dimensional models together With their fea 
ture vectors computed by the method described beloW are 
stored in a knoWn three-dimensional model feature vector 
database 13 of the storage unit 10. The three-dimensional 
models have been subjected to pose normalization and they 
are thus normalized. 
[0051] A Points SVD data storage section 15 temporarily 
stores data of a three-dimensional model as a search query 
Which has been subjected to Points SVD and normalization. A 
Normal SVD data storage section 17 temporarily stores data 
of a three-dimensional model as a search query Which has 
been subjected to Normal SVD and normalization. 
[0052] The input/ output unit 20 includes a keyboard/mouse 
21, a display 23, a printer 25, and a data input/ output interface 
27, and a communication interface 29. A three-dimensional 
model as a search query can be fed to the system through the 
data input/output interface 27. 
[0053] The communication interface 29 connects the sys 
tem to the Internet. 
[0054] The pose normalization unit 30 performs pose nor 
malization on a three-dimensional model as a search query, 
and then performs normalization for shape matching. 
[0055] The pose normalization unit 30 has a Points SVD 
section 31 and a Normal SVD section 33. The Points SVD 
section 31 and the Normal SVD section 33 perform pose 
normalization by different methods from each other. A nor 
malizing section 35 solves arbitrariness of the shape of three 
dimensional models. 
[0056] Data of a three-dimensional model subjected to pose 
normalization in the Points SVD section 31 and normaliza 
tion in the normalizing section 35 is stored in the Points SVD 
data storage section 15 of the storage unit 10. Data of a 
three-dimensional model subjected to pose normalization in 
the Normal SVD section 33 and normalization in the normal 
izing section 35 is stored in the Normal SVD data storage 
section 17. 
[0057] Hereinafter, Points SVD Will be described in detail. 
[0058] In the Points SVD, random points are generated on 
triangles forming a three-dimensional model. This process is 
performed by using a method of Osada et al. (R. Osada, T. 
Funkhouser, B. Chazelle, D. Dobkin, Shape Distributions, 
ACM, TOG, 21 (4), pp. 807-832, 2002. and this document is 
herein cited by reference) Coordinates of the points to be 
generated are determined by the folloWing expression 1 by 
using coordinates ABC of the ver‘tices of each triangle and 
pseudorandom numbers r1, r2: 

[Expression 1] 

(l-VTQA?/H?-rQB?/HQC (1) 

[0059] In the present embodiment, Mersenne TWister ran 
dom number generator Was used as a pseudorandom number 
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generator. It is herein assumed that M point groups are gen 
erated in total. In the embodiment, M Was set to 215, i.e., 
M:32,768. The centroid of the three-dimensional model is 
obtained by the point groups thus generated. The problem of 
the arbitrariness of the position is solved by translating the 
centroid m, to the origin. In the embodiment, a point group 
data matrix is represented by the folloWing expression: 

1 32768 [Expression 2] 

[0060] The point group matrix P is then subjected to singu 
lar value decomposition to obtain a rotating matrix R. 

PIUDET 

RIUT [Expression 3] 

[0061] Finally, a mirror image of the three-dimensional 
model is determined. Even With the same axis, feature vectors 
vary if mirror images are different (see FIG. 2). 
[0062] The point groups are rotated by the rotating matrix 
R. 

P'IRP [Expression 4] 

[0063] In the case of the embodiment having M:32,768, 
the mirror image matrix F of the model is computed as fol 
loWs: 

32768 [Expression 5] 
A = Z sigmpg?pglz my. f1 similar) 

F = 0 sign(fy) 0 

sign(fx) 0 0 

[ 0 0 sigmfz) 

By using the center of gravity ml, the rotating matrix R, and 
the mirror image matrix F obtained by the above expression, 
model ver‘tices V are translated and rotated to complete the 
pose normalization as summarized in V'. 

vXl — mix vX2 — mix vxn — mix [Expression 6] 

V : vyl —mly vy2 —mly vyn —mly 

vZ1 —mlZ v12 —mlZ v1” — mlZ 

V’ : FRV 

[0064] A pose normalization method similar to Points SVD 
is proposed by Ohbuchi et al. (R. Ohbuchi, T. Otagiri, M. 
Ibato, T. Takei, Shape-Similarity Search of Three-Dimen 
sional Models using Parameterized Statistics. Proc. Paci?c 
Graphics 2002, pp. 265-274. 2002. This document is cited 
herein by reference). This method is different from Points 
SVD in that Sobol random numbers as quasi-random num 
bers are used to generate point groups and the distance from 
the center is used to resolve the mirror image. 
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[0065] 
[0066] A basic calculation method is the same as that of 
Points SVD. In the normal SVD, point groups are generated 
by using a normal vector determined from each generated 
point and the closest tWo vertices of a corresponding triangle 
as a mass point (FIG. 3). 
[0067] First, a mean value of normal vectors n is obtained. 
In the embodiment of M:32,768, the mean normal vector is 
obtained as folloWs: 

Hereinafter, normal SVD Will be described in detail. 

32768 1 [Expression 7] 
m/\/ = — Z n; 

32768 [:1 

[0068] A normal vector matrix N is then subjected to sin 
gular value decomposition to obtain a rotating matrix R. 

vXl — mNX nX2 —mNX nxn — mNX [Expression 8] 

V : nyl —m,vy ny2 —m,vy nyn —m,vy 

n11 —m/\/Z n12 —m/\/Z n1” —m/\/Z 

N = UDZT 

R = UT 

[0069] Finally, a mirror-image determining matrix F is 
computed in the same manner as that of Points SVD, based on 
the rotated point groups. 

V'IFRV 

[0070] Pose normaliZation is thus completed, as summa 
riZed in V'. De?nition of a vertex matrix V is the same as that 
of Points SVD. 

[Expression 9] 

[0071] Each model thus obtained is aligned by a Bounding 
Sphere method. 
[0072] The Bounding Sphere method is a method in Which 
a three-dimensional model as a search target, Which has been 
subjected to pose normalization, is aligned so as to be sur 
rounded a unit sphere having a radius of l. Speci?cally, With 
the Bounding Sphere method, coordinates of each vertex of 
the three-dimensional model are divided by the largest value 
of the distances betWeen the center of the three-dimensional 
model and all the ver‘tices thereof. 
[0073] The feature vector computing unit 40 includes a 
Depth Buffer feature vector computing section 41, a silhou 
ette image feature vector computing section 42, a contour 
image feature vector computing section 43, a voxel feature 
value computing section 44, a similarity computing section 
45, and a composite section 47. 
[0074] A tWo-dimensional image creating subsection 411 
of the Depth Buffer feature vector computing section 41 reads 
the data of the three-dimensional model stored in the Points 
SVD data storage section 15 and the Normal SVD data stor 
age section 17 and creates tWo-dimensional images (Depth 
Buffer images) to be used to compute a Depth Buffer feature 
vector. A Depth Buffer image is a tWo-dimensional image 
representing the distance (depth) from an arbitrary vieWpoint 
to the surface of a three-dimensional model. 

[0075] In the embodiment, Depth Buffer images having 
256x256 pixels are formed by vieWing a three-dimensional 
model from six orthogonal directions (see FIG. 4). 
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[0076] The Z values (depths) of each Depth Buffer image 
are integers of, taking a range [0, 255]. The Z values decrease 
as the distances betWeen the vieWpoint and arbitrary points on 
the three-dimensional model increase. The background is 0. 
[0077] A compensation subsection 413 compensates the 
Depth Buffer images by embedding information of the dis 
tance from the center in the Depth Buffer images. More 
speci?cally, provided that I(x, y) is the intensity of each pixel 
of the Depth Buffer images and r is the distance from the 
center of each Depth Buffer image, the intensity I'(x, y) of 
each coordinates of the compensated images is represented as 
folloWs in the case of the embodiment of the 256x256 pixel 
size: 

[0078] The compensated images are sometimes called 
periphery enhanced images (PEIs). 
[0079] The compensated images are shoWn in FIG. 5. 
[0080] It can be seen from FIG. 5 and Expression 9 that the 
gray scales of the compensated tWo-dimensional images are 
emphasiZed more as the distance from the center of the image 
increases. It can also be seen that the pixels become darker as 
the distance from the center of the image decreases. 
[0081] Finally, the compensated Depth Buffer images are 
transformed from rectangular coordinates to polar coordi 
nates. The images transformed to the polar coordinates are 
shoWn in FIG. 6. In the polar coordinate system, the abscissa 
indicates r, and the ordinate indicates a rotation angle 6. The 
image siZe is 128x512 in the present embodiment. 
[0082] A Fourier transform subsection 415 then performs a 
Fourier transform on these images to obtain Fourier coeffi 
cients gpq). 

[Expression 10] 

= / 12n(rp/R+9¢/T) [Expression 11] gm, 2 g 1 (r. (he 
r 

[0083] In this expression, p indicates a spatial frequency of 
the abscissa, 4) indicates a spatial frequency of the ordinate, 
and 0§p<l28 and 0§<|><5l2. The value of a Fourier coeffi 
cient is a poWer spectrum. Rotation in the rectangular coor 
dinate system corresponds to translation in the polar coordi 
nate system, and a poWer spectrum obtained by Fourier 
transform has a translation-invariant property. If there is an 
error in pose normalization, arbitrariness of orientation can be 
slightly relaxed. 
[0084] Only loW-frequency components are extracted from 
the poWer spectra of the six images and used as a Depth Buffer 
feature fDepth Buffer‘ 

[0085] Only the loW-frequency components are used as a 
feature vector in order to ignore hi gh-frequency components 
as noises in the similarity search. 
[0086] A tWo-dimensional image creating subsection 421 
of the silhouette image feature vector computing section 42 
reads the data of the three-dimensional model stored in the 
Points SVD data storage section 15 and the Normal SVD data 
storage section 17 and creates tWo-dimensional images (sil 
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houette images) to be used to compute a silhouette image 
feature vector. A silhouette image is a tWo-dimensional 
binary image representing the shade formed by applying light 
to a three-dimensional model. The background is represented 
by 0 and the shadoWed are represented by an integer of 255 
(FIG. 7). In the present embodiment, silhouette images are 
generated by vieWing the three-dimensional model from 
three orthogonal directions. 
[0087] A compensating subsection 423 then compensates 
the silhouette images in the same manner as that of the cor 
recting subsection 413 of the Depth Buffer feature vector 
computing section 41, and thereby produces periphery 
enhanced images. In this process, the binary silhouette 
images are compensated to multilevel gray-scale images. The 
multilevel silhouette periphery enhanced images thus 
obtained are then transformed to polar coordinates. 
[0088] A Fourier transform subsection 425 then performs a 
Fourier transform of these images, and extracts loW-fre 
quency components of poWer spectra of the resultant three 
images computed from three different vieWpoints as a ?nal 
silhouette image feature vector f Silhouette. 

fsizhomfmsizhoum?msizhouml [Exprcsslon 13] 

[0089] A tWo-dimensional image creating subsection 431 
of the contour image feature vector computing section 43 
reads the data of the three-dimensional model stored in the 
Points SVD data storage section 15 and the Normal SVD data 
storage section 17 and creates tWo-dimensional images (con 
tour images) to be used to compute a contour image feature 
vector. A contour image is a tWo-dimensional binary image 
representing the contour of the shadoW formed by applying 
lighting computation to a three-dimensional model (FIG. 8). 
The background is represented by 0 and the contour part is 
represented by an integer of value 25 5, Which is the maximum 
brightness of the 8-bit integer. 
[0090] The contour images are directly transformed to 
polar coordinates Without compensation. 
[0091] A Fourier transform subsection 435 then performs a 
Fourier transform of the contour images, and extracts loW 
frequency components of poWer spectra of the resultant three 
images, vieWing from three different directions, as a contour 
image feature vector fC ontour' 

l80,32 

fcomouFmcomou/lmcomourl [Exprcsswn 14] 

[0092] The voxel feature vector computing unit 44 Will noW 
be described. 
[0093] A voxel is a collection of small unit cubes Which 
represents the shape of a three-dimensional model. A three 
dimensional model is placed in a grid space, and grids cross 
ing a plane are represented by l and other grids are repre 
sented by 0 (FIG. 9). 
[0094] A tWo-dimensional image creating subsection 441 
reads the data of the three-dimensional model stored in the 
Points SVD data storage section 15 and the Normal SVD data 
storage section 17 and, in the embodiment, transforms the 
read data to a 64><64><64 voxel. 

[0095] The tWo-dimensional image creating subsection 
441 then a 3><3><3 three-dimensional Gaussian ?lter is applied 
to the generated voxel. This Gaussian ?lter can enhance curve 
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information of an object. Each voxel grid thus obtained by the 
Gaussian ?lter has a value of [0, 255]. 
[0096] A Fourier transform subsection 445 performs a 
three-dimensional Fourier transform on the voxel grid to 
obtain a poWer spectrum. 

[0097] Note that, in the embodiment, the folloWing param 
eters are set: 0§p<J:64, 0§q<K:64, and 0§s<L:64 in 
Expression 15, Where p, q and s stand for indices of the voxel 
grid corresponding to x, y, and Z-axis, respectively. 
[0098] The Fourier transform subsection 445 then extracts 
only loW-frequency components of the poWer spectrum as a 
voxel feature vector fVoxel. 

mVoXel:(lgo,o,ol1lgo,o,1l1 - - - 1 l809,80 - - - 1 lgo,s,ol1- - - 1 

‘8210,00 - - - 1 lg8,8,8l) 

f VmFm Voxel/l m Vmzl [Expression 16] 

[0099] Since the Depth Buffer feature vector, the silhouette 
image feature vector, the contour image feature vector, and 
the voxel feature vector are all representing spectra, these 
feature vectors can be concatenated as one-dimensional vec 

tors, and Manhattan distances are respectively computed in 
Manhattan distance computing subsections 417, 427, 437, 
and 447. 

[0100] In this process, the distance to a feature vector 
FVPOl-m of the three-dimensional model read from the Points 
SVD data storage section 15 and the distance to a feature 
vector FVNOWMZ of the three-dimensional model read from the 
Normal SVD data storage section 17 are compared, and the 
smaller one of the distances is used. 

Distance(FVQ,,E,y, F VDambaSE) : [Expression l8] 

[0101] A Weight computing section 45 computes a Weight 
by considering both the smaller distance described above and 
all the distances in the database. The Weight computation is 
performed by using an algorithm of Ohbuchi et al. (R. Ohbu 
chi, Y. Hata, Combining Multiresolution Shape Descriptors 
for 3D model Retrieval, Proc. WSCG 2006, PlZen, CZech 
Republic, J an. 30-Feb. 2, 2006. This document is cited herein 
by reference.) This algorithm starts With normaliZing the 
distance d of each feature vector. Provided that p.(di) is a mean 
value and o(di) is a standard deviation, the normaliZation is 
performed as shoWn by Expression 19: 
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[01 02] Note that computation of a Purity value is performed 
under the assumption that the models in the database have 
been classi?ed into M classes Ck (0<k§M). The Purity value 
is the largest number Sk of models matching With the models 
in the class Ck in the ?rst t models Rt of the search result. 

SikIRIiHQi 

purity(FVl-qy,):rnaxlgkgM(lSikl) [Expression 20] 

[0103] The Purity value to the poWer of n is a Weight (W). 
[0104] The composite section 47 multiplies each distance 
by the Weight thus obtained and obtains the sum of the prod 
ucts. Note that the Purity value need not necessarily be used, 
but is used as one of Weight computation methods. 

ho“EttEDSilhouetteT'WContourDContourT'WVoxelDI/bxel 

[0105] The feature vectors are composited by using the 
resultant distance as a ?nal distance. Hereafter, the search 
method using the above expression is called Multi-Fourier 
Spectra Descriptor, or MFSD for short. 
[0106] The feature vector comparing unit 50 compares the 
?nal distance obtained in the composite section 47 With the 
distances stored in the database 13 and displays the compari 
son result on a display in the order from close to far. 

[Expression 21] 

[01 07] The search system of the embodiment Was evaluated 
as folloWs: 

[0108] First Tier (1 -Tier), Second Tier (2-Tier), Nearest 
Neighbor (1 -NN), a recall ratio (Recall), and a precision ratio 
(Precision) are used as scales for evaluating the search sys 
tem. In order to evaluate each scale, it is necessary to classify 
the three-dimensional model database into multiple classes in 
advance. Classes are determined manually by subjectively 
dividing the models into multiple sets of models according to 
similarity in system. PSB (Princeton Shape Benchmark) data 
set used in the evaluation experiment has been used interna 
tionally as an experimental database. In the PSB, 907 three 
dimensional models have been classi?ed into 92 classes. Pro 
vided that c denotes the number of three-dimensional models 
of a class to Which a search query belongs, k denotes the 
number of three-dimensional models Which are returned as 
models in the upper positions of the search result, and rel(n) 
denotes a function that returns the number of relevant three 
dimensional models in the top 11 ranked models of the search 
result Which belong to the same class as that of the search 
query, the above evaluation scales are de?ned as folloWs: 

rel(c) X 100 [Expression 22] 
First Tier : 

c 

rel(2c) 
Second Tier : X 100 

Nearest Neighbor: rel(l) X 100 

l k 
Recall : re—() 

0 

, , rel(k) 
Precision : 

[0109] It should be noted that the three-dimensional model 
of the search query per se (itself) is excluded in First Tier, 
Second Tier, and Nearest Neighbor. The higher the seconds 
results of the First Tier, the Second Tier, and the Nearest 
Neighbor are, the better the search performance of the system 
is. Regarding the Recall-Precision graph, the closer the curve 
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is to the upper right comer, the better the search performance 
of the system is. The First Tier, the Second Tier, and the 
Nearest Neighbor are described in detail in the study con 
ducted by Osada et al. (R. Osada, T. Funkhouser, B. ChaZlelle, 
D. Dobkin, Shade Distributions, ACM, TOG, 21 (4), pp. 
807-832, 2002. This document is cited herein by reference.). 
The recall and precision are described in detail in the study 
conducted by Min (P. Min, A 3D Model Search Engine, Ph.D. 
Thesis, Princeton University, 2004. This document is cited 
herein by reference). 
[0110] An experiment of comparison betWeen the search 
method (MFSD) of the embodiment and the search methods 
of the conventional examples described before Will noW be 
described. 
[0111] In the search method MFSD of the embodiment, 
32,768 point groups Were generated for any model during 
Points SVD and Normal SVD, and the Weight used in dis 
similarity calculation Was a Purity value cubed, Where the 
Purity value Was calculated by using the ?rst four models in 
the search result. These parameters, including the number of 
point groups and the Weight, Were optimal values thorough a 
plurality of experiments performed beforehand. Comparison 
Was also performed by ?xing the Weight to 1. 
[0112] Published programs Were used for comparing 
MFSD against the above-mentioned methods: D2, SHD, 
LFD, and DSR 472. 
[0113] FIG. 10 shoWs the experimental result of the com 
parison betWeen the above-mentioned methods four and the 
search method MFSD of the embodiment. In “MFSD purity 
Weighted” of the embodiment, the Purity method Was used in 
Weight calculation. The Weight Was ?xed to 1 in “MFSD 
?x-Weighted” of the embodiment. 
[0114] It can be seen from the ?gure that MFSD purity 
Weighted outperforms the previous methods in every Recall 
Precision combination. A mean precision of LFD is 0.51 and 
a mean precision of DSR 472 is 0.53, While the mean preci 
sion of MFSD purity-Weighted is 0.60. The mean precision of 
MFSD ?x-Weighted is 0.58. This result shoWs that MFSD has 
search performance superior to that of the previous four meth 
ods even under the condition that the Weight is ?xed to 1. 
[0115] Table 1 shoWs search performance of each method 
in terms of the evaluation criteria 1-Tier, 2-Tier, and 1-NN, 
Where 1-NN denotes the Nearest Neighbor. 

TABLE 1 

SEARCH PERFORMANCE COMPARISON 
IN TERMS OF EVALUATION CRITERIA 

l-TIER 2-TIER AND l-NN 

SEARCH METHOD 1-T16I 2-Tier l-NN 

MFSD purity-Weighted 47.2% 60.2% 74.6% 
MFSD ?x-Weighted 45.2% 59.0% 71.4% 
DSR472 40.4% 52.2% 65.8% 
LFD 37.8% 49.2% 65.9% 
SHD 31.0% 42.0% 55.3% 
D2 18.7% 27.9% 35.7% 

MFSD purity-Weighed is higher than DSR472 by 6.8% and 8.0% in l-Tier 
and 2-Tier, respectively. MFSD purity-Weighted is also higher than LFD by 
8.5% in l-NN. MFSD ?x-Weighted is also higher than the other feature val 
ues in l-Tier, 2-Tier, and l-NN. 

[0116] In the spectral clustering of this embodiment, the 
number of clusters k and the number of nei ghboring models m 
are the tWo parameters Which determine the clustering accu 
racy. 



US 2010/0054607 A1 

[0117] In order to obtain the optimal set of parameters for 
performing the spectral clustering on a PSB (Princeton Shape 
Benchmark) data set, the percentage of search accuracy Was 
computed While varying these parameters, i.e., the number of 
dimensions k and the number of neighboring models m. 
1-Tier (see Expression 22) Was herein used as an evaluation 
scale. Table 2 summarizes the result of this experiment. 

TABLE 2 

NUMBER OF 
DIMENSIONS k 
(NUMBER OF NUMBER OF NEIGHBORING MODELS m 

CLUSTERS) 91 272 454 635 816 

9 39.8% 43.4% 47.3% 49.8% 45.4% 
27 45.9% 49.3% 55.8% 58.7% 49.8% 
45 45.4% 50.7% 59.5% 62.2% 49.0% 
63 45.0% 49.5% 60.9% 60.4% 47.5% 
82 44.9% 48.0% 57.2% 60.6% 47.2% 

[0118] The number of dimensions (the number of clusters) 
k Was given from 1/100, 3/100, . . . of the total number of models 

and the number of neighboring models m was varied to 1/10, 
3/10, . . . of total number of models Where the actual total 

number of models Was 907. The experimental result demon 
strates that there are optimal values near the number of 
dimensions (the number of clusters) k:45 and the number of 
neighboring models m:635. The experiment Was therefore 
performed by more ?nely varying the values k and m. In this 
experiment, the best 1-Tire accuracy Was 64.5% When the 
number of dimensions (the number of clusters) k:40 and the 
number of neighboring models m:615. This result shoWs that 
it is desirable to set the number of neighboring models In to a 
larger value. 
[0119] The spectral clustering thus modi?ed is herein 
referred to as MSC (Modi?ed Spectral Clustering). FIG. 14 
shoWs the experimental result of comparison among the fol 
loWing three methods applied to a PSB (Princeton Shape 
Benchmark) data set: the search method (MFSD) described in 
the above embodiment; a plain spectral clustering method 
(SC); and the modi?ed spectral clustering (MSC) in Which 
SC is performed after MFSD. It turns out that plain SC has 
search performance inferior to that of MFSD, but MSC in 
Which MFSD and SC are combined has signi?cantly 
improved search performance. 
[0120] The result of applying the search method MFSD 
(Weight: ?xed to 1) of the embodiment to databases other than 
the PSB (Princeton Shape Benchmark) data set Will noW be 
described. 

[0121] Table 3 and FIG. 16 shoW the search performance 
obtained by applying several methods to PSB (Princeton 
Shape Benchmark). 

TABLE 3 

METHOD l-Tier 2-Tier 1-NN 

MFSD 45.2% 58.9% 71.9% 
DSR472 40.4% 52.2% 65.8% 
LFD 37.8% 49.2% 65.9% 
SHD 31.0% 42.0% 55.3% 
D2 18.7% 27.9% 35.7% 
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[0122] Similarly, Table 4 and FIG. 15 shoW the search 
performance obtained by applying several methods to ESB 
(Engineering Shape Benchmark). 

TABLE 4 

METHOD 1-Tier 2-Tier 1-NN 

MFSD 44.9% 61.3% 83.6% 
DSR472 41.4% 55.6% 82.4% 
LFD 39.8% 54.1% 82.0% 
SHD 40.0% 54.3% 80.7% 
D2 31.7% 44.1% 75.5% 

[0123] Similarly, Table 5 and FIG. 17 shoW the search 
performance obtained by applying several methods to 
SHREC 2007 (Shape Retrieval Contest 2007). 

TABLE 5 

METHOD 1-Tier 2-Tier 1-NN 

MFSD 68.5% 79.7% 100.0% 
DSR472 49.1% 56.4% 100.0% 
LFD 4.2% 7.6% 7.6% 
SHD 65.4% 81.8% 100.0% 
D2 9.4% 14.2% 9.4% 

[0124] These results demonstrate that the search method of 
the embodiment has a signi?cant effect on all of these data 
bases. 
[0125] The present invention is not limited to the descrip 
tion of the embodiment and the examples given above. The 
present invention is capable of various modi?cations Within a 
range readily apparent to those skilled in the art Without 
departing from the scope of the invention as set forth in the 
appended claims. 

1. A three-dimensional model search method for retrieving 
a knoWn three-dimensional model similar to a three-dimen 
sional model as a search query Which has been subjected to 
pose normaliZation, comprising the steps of: 

compensating a tWo-dimensional image for use in compu 
tation of a feature vector (excluding a contour feature 
vector) of said three-dimensional model as said search 
query so that gray scales of pixels are emphasiZed as the 
distance from a center of said tWo-dimensional image 

increases; 
performing a Fourier transform of said compensated tWo 

dimensional image; 
computing a feature vector from the result of said Fourier 

transform; and 
comparing said obtained feature vector With a feature vec 

tor of said knoWn three-dimensional model. 
2. A three-dimensional model search method according to 

claim 1, Wherein said tWo-dimensional image is a Depth 
Buffer image or a silhouette image, and provided that r is a 
distance from said center of said tWo-dimensional image, an 
intensity l'(x, y) of each coordinate in said compensated tWo 
dimensional image is represented by the folloWing expression 
in said compensating step: 

Where, Kx, Ky are center coordinates of said tWo -dimensional 
image before compensation in an x-axis direction and a y-axis 
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direction, respectively, and l(x, y) represents an intensity of 
each coordinate in said tWo-dimensional image before com 
pensation. 

3. A three-dimensional model search method according to 
claim 2, Wherein a Fourier transform is performed on each of 
the ?rst compensated tWo-dimensional image obtained by 
compensating said Depth Buffer image by the method of 
claim 2, the second compensated tWo-dimensional image 
obtained by compensating said silhouette image by the 
method of claim 2, the third tWo-dimensional image for use in 
computation of a contour feature vector, and a voxel grid for 
use in computation of a voxel feature vector, feature vectors 
are computed based on the respective results of said Fourier 
transforms, and said feature vectors thus obtained are com 
posited. 

4. A three-dimensional model search method, further com 
prising the step of performing a plurality of pose normaliZa 
tion processes on a three-dimensional model and folloWed by 
performing the method according to claim 1 on the three 
dimensional model subjected to the plurality of pose normal 
iZation processes. 

5. A three-dimensional model search method according to 
claim 4, Wherein said pose normalization processes include 
the ?rst pose normaliZation method for generating random 
points on triangles forming said three-dimensional model, 
performing principal component analysis by using said ran 
dom points as mass points, thereby obtaining a principal axis, 
and performing normalization; and the second pose normal 
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iZation method for obtaining a principal axis based on the 
distribution of normal vectors obtained by each random point 
generated on a plane of said three-dimensional model and tWo 
ver‘tices of a triangle close to said random point, and perform 
ing normalization. 

6. A three-dimensional model search method according to 
claim 1, Wherein a database of said knoWn three-dimensional 
model is partitioned into clusters in advance by spectral clus 
tering. 

7. A computer program for causing a computer to perform 
the method according to claim 1. 

8. A three-dimensional model search system for retrieving 
a knoWn three-dimensional model similar to a three-dimen 
sional model as a search query Which has been subjected to 
pose normaliZation, comprising: 
means for compensating a tWo-dimensional image for use 

in computation of a feature vector (excluding a contour 
feature vector) of said three-dimensional model as said 
search query so that gray scales of pixels are emphasiZed 
as the distance from a center of said tWo-dimensional 

image increases; 
means for performing a Fourier transform of said compen 

sated tWo-dimensional image; 
means for computing a feature vector from the result of 

said Fourier transform; and 
means for comparing said obtained feature vector With a 

feature vector of said knoWn three-dimensional model. 

* * * * * 


